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ARTICLE INFO ABSTRACT

Keywords: Discretizing gene expression values is an important step in data preprocessing as it helps in reducing noise and
Gene expression experimental errors. This in turn provides better results in various tasks such as gene regulatory network analysis
Discretization and disease prediction. A supervised discretization method for gene expressions using gene annotation is
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developed. The method is called “Gene Annotation Based Discretization” (GABD) where the discretization width
is determined by maximizing the positive predictive value (PPV), computed using gene annotations, for top
20,000 gene pairs. The method can capture the gene similarity better than those obtained using original ex-
pressions. The performance of GABD is compared with some existing discretization methods like equal width
discretization, equal frequency discretization and k-means discretization in terms of positive predictive value
(PPV). The utility of GABD is also shown by clustering genes using k-medoid algorithm and thereby predicting the
function of 23 unclassified Saccharomyces cerevisiae genes using p-value cut off 10~ 1%, The source code for GABD is
available at http://www.sampa.droppages.com/GABD.html.

1. Introduction

Gene expression is one of the important sources of biological data
which helps in finding the interactions and functionality of genes [22].
Time series gene expression data can be used for studying a wide range of
biological problems such as prediction of disease [13,46], gene regula-
tory network [24,31] and unknown gene function [35,37,45]. In general
it can be represented as a matrix whose rows are genes and columns are
conditions. Gene expression data obtained from microarray [39] and
other data source like RNA-seq expressions [19] can be analyzed by
clustering [11,15,20,47], classification [12,16,26] and integration of
these methods [11,47].

Discretization techniques [2] are used to preprocess time series gene
expression data by converting continuous data to discrete values [4].
Data preprocessing is an important task as original gene expressions may
contain noise, missing values and technical or experimental errors. The
utility of discretization is shown in several studies such as gene regula-
tory network analysis [17,50] and disease prediction [13,46]. While in
gene regulatory network analysis discretization helps in constructing the
network more accurately [50], in disease prediction it helps in improving
classification accuracy in identifying normal and diseased patients/genes
[13]. In general it is observed that the accuracy of results using dis-
cretized gene expression data are better than those obtained using
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original expressions [6,13,14]. Dimitrova et al. [5] observed that dis-
cretization helps in improving the robustness of the data as compared to
that of continuous values. The selection of discretization process is also
very crucial as many discretization methods involve in loss of informa-
tion [23].

Discretization Methods: Discretization algorithms can be broadly
divided into two categories, supervised and unsupervised. While the
supervised methods are mainly used to improve classification accuracy in
discriminating normal and diseased genes or patients, the existing un-
supervised discretization methods are used to construct or improve gene
regulatory network. The existing discretization methods, developed so
far, are not appropriate in improving gene similarity in terms of func-
tional annotations [5,23]. The existing supervised discretization tech-
niques are applied on diseased gene expression data (e.g., normal and
cancer) where each gene has expressions for multiple normal and cancer
patients. Hence labels corresponding to patients (normal or cancer) are
available for all the expressions of a particular gene. It is possible to
classify a patient by considering genes as features by observing the gene
expression values corresponding to that patient. Hence, classification
techniques are applicable on this type of data sets. Based on these fun-
damentals, the existing supervised discretization techniques try to in-
crease the classification accuracy by modifying the expression values
using discretization. On the other hand, the existing supervised
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discretization techniques, based on classifiers, cannot be used for dis-
cretizing functional time series gene expression data (which is used in
present investigation) where individual expressions in time series for
various experiments (e.g., cell cycle) have no label information and
cannot be considered as features to predict the class/function of a gene.
Hence, it is not possible to implement the existing supervised techniques
for discretizing functional time series gene expression data sets (like Cell
Cycle All Yeast [20] and Diauxic Shift All Yeast [20]).

In this article, we propose a supervised discretization method for
another task, i.e., to improve gene similarity in terms of functional an-
notations and to predict function of some unclassified genes using dis-
cretized expression data.

a) Supervised discretization methods: In the domain of gene expression,
the supervised approaches are used to discretize expression data for
classification tasks. The aim is to identify the class labels (diseased or
normal) of genes or patients related to a disease using a set of pa-
tients/genes with known class labels. A discretization method can
help to design a better classifier by using available class label infor-
mation. Fayyad and Irani [21] described a supervised discretization
method (FI method) which selects a cut point in a given interval in a
greedy way and calculates the score of each interval in terms of en-
tropy. Then, each interval is discretized into two new subintervals in a
recursive manner. Let D be a gene expression data set of M genes and
N expressions. A list ((X3,c1), (X2,c2), -+, Xi,Ch), -+ » (Xn,cn)) de-
scribes the expressions and related labels as pairs in data set where X
is the expression value at the kth time point and ¢ is the associated
integer value describing the class label that can have J values. Let Ly
be the list of some expressions in D defining an interval starting at the
ath pair and ending at the bth pair in D. The entropy for the list Ly is
defined as

E(Lyy) =Y Py(c=¢;)loga(P,(c M

J=1

¢)),

where P,(c = ¢;) is the proportion of instances in L , for class label ¢;. Each
interval is then recursively discretized into two new subintervals till an
interval has only two expressions. If L is divided into two subintervals
Lgp and Ly 15 by the cut point p then their sum of entropy is repre-
sented as

‘Lerl‘b‘
[Les|

|Las|
[Las|

E(P7 La,b) = E(La,p) + E(Lp+l,b)1 (2)

where |Lqp|, |Lap| and |Ly. 1
Ly 1., respectively.

The FI method improves classification accuracy but does not guar-
antee that the optimal cut point will be discovered with minimum en-
tropy. Lustgarten et al. [28] presented a supervised method, Efficient
Bayesian Discretization (EBD), to classify gene expression data. It uses
dynamic programming to search all possible discretizations and a
Bayesian measure to score each one of them and find the optimal one.
The score is defined as [28]

are the number of instances in Ly p, Lqp and

Score(M) = P(M)-P(S/M), 3)
where M is the discretization model, P(M) is the prior probability of M
and P(S/M) is the marginal likelihood of the data in S given the model M.
For all possible discretizations the Bayesian score is computed and the
highest score is selected. The dynamic programming method examines
all possible discretizations and hence is guaranteed to discover the
optimal discretization.

The supervised discretization approach in Ref. [46], based on class
distribution diversity, is used for binary classification. Here, class dis-
tribution diversity (CDD) is defined for an interval to supervise dis-
cretization rules. The CAIM (class-attribute interdependence
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maximization) algorithm [26] maximizes mutual class-attribute inter-
dependence for a labeled dataset. The method generates the smallest
number of discrete intervals for a given continuous attribute data while
minimizing the loss of class attribute interdependency. This class attri-
bute dependency is used to find the optimal discretization. The method in
Ref. [9] discretizes attributes by considering interdependence between
attribute class labels and the attribute values. In this method continuous
data is discretized by criteria based on minimum loss of information and
maximum entropy. The bottom-up discretization method called Chi2
[10], an extension of ChiMerge [55], considers each distinct value of the
attribute to be one interval. y2 test is then performed for every pair of
adjacent intervals and adjacent intervals with the least y? value are
merged together. The algorithm not only discretize a continuous data set
but also selects a subset of relevant features. Ding and Peng [6] pointed
out that discretization of gene expressions leads to better classification
accuracy than the original continuous data. In summary, supervised
discretization is found to be useful for sample classification involving
normal and diseased data.

b) Unsupervised discretization methods: Generally unsupervised dis-
cretization methods are used for gene regulatory network analysis.
Let us consider Gy is a gene expression data set where M is the
number of genes and N is the number of time points. G(m,n) denotes
the expression value of gene m at time points n. G(m,:) refers to
expression data of gene m for all time point and G(:, n) represents
expression data of all the genes at time point n. The Equal Width
Discretization (EWD) [4,8] method divides the data G(m,:) into k
intervals (bins) of equal width. The width of the bin for gene misw =
(max-min)/k and the interval boundaries are min+w, min+ 2w,--- ,
min+ (k — 1)w. Here k is an user defined positive integer and max and
min are maximum and minimum gene expression values of a data set.
Equal Frequency Discretization (EFD) [4,8] divides the sorted G(m,:)
into k intervals such that each interval contains approximately N/k
expression values. The row k-means discretization [29] divides G(m,:)
into k intervals by k-means clustering so that expression values of
gene m, belonging to same cluster, are represented by one expression.
Column k-means discretization [29] divides G(:, n) into k intervals by
k-means clustering so that expression values belonging to same
cluster are represented by one expression. The aforementioned dis-
cretization methods are used for gene regulatory network inference
from time series gene expression data.

Some binary unsupervised discretization methods such as Mid-
Ranged, Max-X%Max and X%Max [34] discretize data into only two
levels (1, 0), one for regulation and another one for no-regulation. These
are used to discover relevant patterns from gene expression data. In
Ref. [30] the gene expression data is discretized using three symbols —1,
1 and O for representing ‘downregulation’, ‘upregulation’
and ‘nochange’.

Once discretization is performed, it is necessary to calculate pairwise
similarity between genes for clustering and thereby prediction of gene
function. Pearson correlation is the popular statistical measure for
finding similarity between two gene expression profiles. It is used by
Spellman et al. [43] to find the linear dependence [42] between two
genes, using gene expression data. The range of this similarity measure
lies from —1 to +1. Here 1 indicates that the genes are perfectly corre-
lated and —1 means that the genes are inversely correlated.

Let A =ay,as,...,a, and B = by, by, ..., b, be the expression levels of
two genes in terms of log-transformed gene expression data. The Pearson
correlation between gene A and B is defined as

154 — A)(B,— B)
Pip=—"— )
’ OAOB

4

where numerator is the covariance Cov(A, B) of two gene A and B and the
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denominator ¢, and o}, are standard deviations of the gene A and gene B.
These a i

(A — A)? (5)

and

n

o5 = %Z(B,-fﬁ)z. 6

i=1

Here A and B are the means of gene A and gene B, respectively and n is
the total number of expression values for both the genes.

As mentioned earlier gene expression analysis shows a huge promise
in various investigations such as gene function predictions [37,45], gene
regulatory network analysis [24,38,41], functional module prediction
[31,44,45] and disease prediction [13,46]. The computational task is to
obtain more biologically meaningful gene grouping for solving different
biological and biomedical problems [27]. As discretization helps in
removing experimental errors in gene expressions it is expected that it
will also help in improving results for the aforementioned tasks. Further,
the existing supervised discretization methods are used to improve
classification accuracy in discriminating normal and diseased genes or
patients and the existing unsupervised discretization methods are used to
construct or improve gene regulatory networks. In this article we propose
a supervised gene annotation based discretization (GABD) method to
improve gene similarity in terms of functional annotations using gene
expression data. Here positive predictive value (PPV) of gene pairs,
computed using functional annotations, is used to find the width of dis-
cretization value in a systematic manner. While in our two previous in-
vestigations [36,37] functional annotations are used to integrate multiple
data sets, in Ref. [35] functional annotations are used to design a su-
pervised similarity measure when multiple types of experiments are
available for same set of genes. The utility of those techniques as well as
the discretization method developed in this investigation is shown in
predicting the function of unknown genes. Prediction of function of an
unknown gene can only be performed by observing its expression simi-
larity with other genes with known functions. To the best of our
knowledge, our present work, called GABD, is unique in nature and its
methodology provides the only way to dicretize functional gene ex-
pressions (not disease vs. normal ones) in a supervised manner. The
existing supervised discretization technique cannot handle expression
values which cannot be considered as features.

The rest of the article is organized as follows. In Section 2, description
of the used data sets, the way of computing PPV from gene function
similarity and the details of the proposed discretization method are
provided. Section 3 deals with the experimental results for proposed
discretization method in terms of PPV vs similarity measure and PPV
values for top gene pairs. Function of some unclassified genes are also
predicted. The cross validation results using different training and test
sets are described in Section 4. Section 5 presents a brief discussion on
this investigation and Section 6 concludes the article.

2. Materials and methods

In this manuscript, a method called GABD is developed to find the
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width of discretization for gene expression data sets using gene annota-
tions. The utility of GABD is shown using gene expressions of two
different organisms Saccharomyces cerevisiae and Bacillus subtilis. The
main methodology to find the discretization width is to replace any gene
expression value between two consecutive boundaries with the average
of the boundaries where the boundaries are dependent on a discretiza-
tion value d. The optimal value of d is obtained by varying d and by
computing positive predictive value (PPV) for top gene pairs for each
value of it. Functional annotation is used to calculate positive predic-
tive value.

The no. of true positive (TP) gene pairs in terms of functional simi-
larity can be used to compute the positive predictive value (PPV). Here
TP gene pairs are defined as pairs of genes i and j such that genes i and j
have an overlapping GO (Gene Ontology) term annotation. The PPV for a
given no. of gene pairs (say, top 20,000 gene pairs obtained using
Pearson correlation) is defined as [45]

No. of pairs with common GO term

PPV = @

Total no of pairs

Yeast GO-Slim process (SGD) annotations [18] are used to compute
common GO term for Saccharomyces cerevisiae data set. Munich Infor-
mation for Protein Sequences (MIPS) annotations [32] are used for Ba-
cillus subtilis data set.

Before describing the steps of our proposed discretization method in
Section 2.2 in details, we provide a brief information of data sets used in
this investigation.

2.1. Description of data sets

Cell Cycle All Yeast (CCAY) [20], Diauxic Shift All Yeast (DSAY) [20],
Yeast Complex [1], Cell Cycle [39], Bacillus [39] and RNA-seq yeast [19]
data sets are used in this investigation. While the first five data sets
represent mRNA (messenger RNA) expressions, the last one represents
RNA sequence expressions. Further, all the datasets are of Saccharomyces
cerevisiae except the Bacillus data which is obtained from Bacillus subtilis.
The CCAY and DSAY data sets are part of All Yeast data set in Eisen et al.
[20] which consists of 60 and 7 experiments for experiment type cell
cycle and Diauxic shift, respectively. Table 1 shows the name of the data
sets, the number of genes in each data set, range of expression values,
type of expression, organism and total number of experiments performed
for a particular data set. Missing gene expression values of each data set
are predicted with LSimpute [3]. It may be noted that artifacts of pre-
paring samples for analysis and inconsistencies of array chip printing can
contribute to low signal-to-noise ratio in microarray technology and
inconsistent results. These issues can be handled by applying normali-
zation techniques [52] like intensity dependent normalization,
within-print-tip-group normalization, median absolute deviation, vari-
ance regularization etc. However, in public microarray databases the
data is generally uploaded after normalizing it with the aforementioned
techniques by the corresponding data developers.

2.2. New discretization method

The goal of this investigation is to systematically determine a width of

Table 1

Summary for different gene expression data sets.
Dataset CCAY DSAY Yeast Complex Cell Cycle Bacillus RNA-seq yeast
No. of genes 6072 6072 979 629 1055 5970
Range of Expression (—1.412 to 1.693) (-2to 2) (—3to 3) (-3to3) (-16.37 to (-5.1t05.3)

values 26.7230)
Type of expression Microarray Microarray Microarray Microarray Microarray RNA-seq
Organism Saccharo-myces Saccharo-myces Saccharo-myces Saccharo-myces Bacillus subtilis Saccharo-myces
cerevisiae cerevisiae cerevisiae cerevisiae cerevisiae

Total 60 7 79 184 81 4
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discretization for gene expression data using functional annotations of
gene such that discretized gene expressions can reflect the functional
similarity between genes more accurately than original expressions. The
steps to determine the discretization width are described below:

S1) Select initial discretization value d as 0.01.

S2) Create a series of expression zones as [x to x + d), [x + d to
X+ 2d), -+, [x + (n — 1)d to x + nd) where x is the minimum gene
expression value of the data set. The maximum gene expression
value of the data set, y, lies within [x + (n — 1)d to (x + nd)), i.e.,

x+(n—-1)d< =y<x+nd. (8

Hence the value of n depends on the initial discretization value and
the range (maximum- minimum) of expression values.

S3) Replace each of the expression value with the average of the
boundaries of the expression zone to which it belongs. For
example, if the expression value is in the range [x + d to x + 2d),
then after discretization the expression value will be the average
of x + d and x + 2d, i.e., (2x + 3d)/2.

S4) Compute pairwise similarity (from discretized expression values)
for all possible gene pairs using Pearson correlation.

S5) Compute PPV for top 20,000 gene pairs according to Pearson
correlation value.

S6) Increase the discretization value d in steps of 0.01 and the steps
from 2 to 5 are repeated to find a d value for which the PPV is
maximized.

The algorithm is terminated if the PPV for top gene pairs does not
increase for 50 consecutive discretization width values as our aim is to
maximize the PPV. The source code for determination of optimum width
is available at http://www.sampa.droppages.com/GABD.html.

Fig. 1 shows for different data sets how PPV values vary with different
values of width ranging from O to 1 in steps of 0.05. Note that the in-
termediate values (0.01) are not shown in the figure for better clarity.
The curves show the relationship between width of discretization and
PPV for different data sets. The optimum value of discretization width is
the one where the PPV is maximized. The optimum widths d for CCAY,
DSAY, Yeast Complex, Cell Cycle, Bacillus and RNA-seq yeast data sets
are obtained as 0.07, 0.11, 0.09, 0.07, 0.71 and 0.17, respectively. Fig. 2
shows the curves for three different discretization values (0.05, 0.07 and

0.65
0.6 1
0.55F 1
0.5 3
/‘\
| 045 —+— CCAY Dataset
} —#— DSAY Dataset
§ 044 —<&— Yeast Complex Dataset
0.35 Cell Cycle Dataset
' Bacillus subtilis Dataset
03 —<— RNA-seq Dataset
0.25

0.2
0

Fig. 1. Variation of PPV for different discretization widths. The optimal discretization
widths for CCAY, DSAY, Yeast Complex, Cell Cycle, Bacillus and RNA-seq yeast data sets
are determined as 0.07, 0.11, 0.09, 0.07, 0.71 and 0.17, respectively.
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Fig. 2. Variation of PPV with similarity value (Pearson correlation) for different dis-
cretization widths of the proposed Gene Annotation Based Discretization (GABD) method
using CCAY data set. The differences between GABD and original expressions are shown
using vertical lines and the difference values are shown at the top of the vertical lines.

0.15) using CCAY data set. From the figure it is clear that for d value 0.07
the curve is better than those obtained using d values like 0.05 and 0.15.
Experiments are also conducted with other values of d but the related
curves are not shown in the figure for clear presentation. The vertical
lines between curves, obtained using GABD and original expressions,
show the differences between them in terms of PPV at a particular sim-
ilarity value.

Example. Let us consider a gene A from a data set with expression
values 0.21, —0.89, 0.82, —0.23, 0.86, —0.32 and 0.81. If the minimum
expression, maximum expression and discretization value for this data set
are —0.89, 0.86 and 0.1, respectively, then the series of expression zone
for the data set will be [-0.89 to —0.79), [-0.79 to —0.69), --- , [0.69 to
0.79), [0.79 to 0.89). As 0.21 is in the range 0.19-0.29, it will be replaced
by the average value of 0.19 and 0.29, i.e., 0.24. All other original
expression values will be replaced in a similar way. So the discretized
expression values for gene A will be 0.24, —0.84, 0.84, —0.34, 0.84,
—0.34 and 0.84.

3. Results

In this section performance of the proposed GABD is evaluated using
two criteria, PPV vs. Pearson correlation and PPV vs. top gene pairs.
GABD is compared with unsupervised discretization methods such as
EWD, EFD, row k-means and column k-means. As mentioned earlier it is
not possible to compare the proposed GABD method with existing su-
pervised methods such as FI and EBD as they cannot handle expression
values which cannot be considered as features. The performance of un-
supervised discretization method like binary discretization is much
inferior to even expressions without any discretization and hence not
included in figures for comparison.

3.1. PPV vs Pearson correlation for different data sources

The performance of the proposed GABD method is compared with
other discretization methods like EWD, EFD, row k-means discretization
and column k-means discretization in terms of PPVs obtained at various
Pearson correlation values. These comparisons for CCAY, DSAY, Yeast
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Complex, Cell Cycle, Bacillus and RNA-seq yeast data sets are shown in
Fig. 3a-f respectively, using gene annotations. As mentioned in Section
2.2, the final discretization widths for GABD method are 0.07,0.11, 0.09,
0.07,0.71 and 0.17 for CCAY, DSAY, Yeast Complex, Cell Cycle, Bacillus
and RNA-seq yeast data sets, respectively. From Fig. 3a—f it can be
ascertained that the performance of our discretization method is better
than the other discretization methods above similarity values 0.5, 0.7,
0.5, 0.1, 0.6 and 0.2 for CCAY, DSAY, Yeast Complex, Cell Cycle, Bacillus
and RNA-seq yeast data sets, respectively. For example, using CCAY data
(Fig. 3a) and considering Pearson correlation 0.75 the PPVs are 0.28,
0.32, 0.30, 0.29, 0.29 and 0.29 for original expressions, proposed GABD
method, EWD, EFD, row k-means discretization and column k-means
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RO . 0.07
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discretization, respectively. For the same methods, considering Pearson
correlation 0.75, the PPV values are 0.24, 0.28, 0.26, 0.25, 0.25 and 0.24
for DSAY data (Fig. 3b), 0.23, 0.25, 0.24, 0.23, 0.23 and 0.23 for Yeast
Complex data (Fig. 3c), 0.36, 0.39, 0.37, 0.37, 0.36 and 0.36 for Cell
Cycle data (Fig. 3d), 0.55, 0.61, 0.51, 0.51, 0.50 and 0.50 for Bacillus
(Fig. 3e) and 0.25, 0.27, 0.25, 0.24, 0.25 and 0.24 for RNA-seq yeast data
(Fig. 3f). It is also observed that the curves obtained using EWD, EFD, row
k-means discretization and column k-means discretization are very
similar to those obtained using original expressions which indicates that
these methods are unable to provide any importance to expressions in
terms of functional similarity among genes. From the figures it is clear
that our method performs better than the existing discretization methods.

——Original Expression
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——Discretization using column k—means

0.8p
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Fig. 3. Comparing different discretization methods in terms of PPVs at different Pearson correlation values for (a) CCAY, (b) DSAY, (c) Yeast Complex, (d) Cell cycle, (e) Bacillus and (f)
RNA-seq yeast data sets. The vertical lines between curves obtained using GABD and original expressions show the differences between them in terms of PPV at a particular similarity value.
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The curve for GABD also lies above those obtained using the original
expressions and other discretization methods for RNA-seq yeast data set.
In the proposed GABD, biological annotation is used to find the appro-
priate discretization value and hence it is more suitable in finding
functionally similar genes.

3.2. PPV of top gene pair
In Fig. 4a-f the performance of top gene pairs in terms of PPV is

shown for CCAY, DSAY, Yeast Complex, Cell Cycle, Bacillus and RNA-seq
yeast data sets, respectively. As expected, the PPV value increases as the
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number of top gene pairs decreases. Moreover, it can be observed that the
performance of proposed GABD method is better than the EWD, EFD,
discretization using row k-means and discretization using column k-
means in terms of PPV for all the data sets. For example, using CCAY data
the PPVs of top 50,000 gene pairs are 0.43, 0.41, 0.41, 0.40, 0.41 and
0.40 for GABD method, original gene expression, EWD, EFD, row k-
means discretization and column k-means discretization, respectively.
While, for DSAY data these values are 0.42, 0.37, 0.30, 0.36, 0.34 and
0.30, for Yeast Complex these are 0.32, 0.3, 0.29, 0.29, 0.31 and 0.31 and
for Cell Cycle these are 0.38, 0.36, 0.36, 0.35, 0.35 and 0.34. For Bacillus
data these values are 0.54, 0.52, 0.51, 0.51, 0.52, 0.52 and for RNA-seq
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Fig. 4. PPVs versus the number of top gene pairs for different discretization methods using (a) CCAY, (b) DSAY, (c) Yeast Complex, (d) Cell Cycle, (e) Bacillus and (f) RNA-seq yeast data

set. PC is used as a

similarity measure for all the methods.
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yeast data these are 0.32, 0.27, 0.29, 0.29, 0.27, 0.26.

3.3. Execution time

The execution time for GABD is compared with methods which can
discretize functional time series data and the results are provided in
Table 2. Note that, it is not possible for existing supervised methods to
discretize the time series data used in this investigation as the expression
values cannot be considered as features to classify genes. For all the
methods the codes are implemented using MATLAB R2014a and 16 GB
RAM. As expected, the GABD method requires more computation time
for all the data sets as it consists of an optimization technique involving
maximization of PPV value by observing them at various discretization
widths. For example, using yeast Complex dataset the execution time for
GABD is 165.17 s, whereas the time is below 10 s for all other methods.

3.4. Function prediction of unclassified gene based on clustering results

Cell Cycle All Yeast (CCAY) data set is used for function prediction of
unclassified genes. As SGD annotations are used to determine dis-
cretization width of CCAY dataset, MIPS annotations are used for func-
tion prediction. The discretized CCAY gene expression data set, obtained
using GABD method, is clustered using k-medoids [7] algorithm. Pearson
correlation is used as a similarity measure. The value of k in k-medoids is
chosen as 510 as there are 510 functional categories in Munich Infor-
mation for Protein Sequences (MIPS) [32] annotations. Once the genes
are clustered, the biological function of an unclassified gene is predicted
from the functional enrichment of the cluster using MIPS annotations.
The steps for gene function prediction for CCAY dataset are as follows:

S1) Gene expressions are discretized using GABD method.

S2) Genes are clustered using k-medoids algorithm and discretized
expressions. The value of k is chosen as 510 as there are 510
functional categories in MIPS.

S3) 10 clusters are identified with functional enrichment in MIPS
categories and p-value less than 1071°,

S4) From these 10 clusters function of 23 unclassified genes are pre-
dicted by assigning the function related to the cluster.

Table 3 summarizes the top 10 clusters which are identified with p-
value less than 107'°. Functions of 23 unclassified genes are predicted
from these cluster and reported in Table 3. For each cluster, the unclas-
sified genes, the predicted function, the related p-value, the number of
genes within the cluster and the number of genes within the genome are
also shown in the table. More information regarding Table 3 are available
at http://www.isical.ac.in/~shubhra/GABD/unclassifiedprediction23.
xls. The relevance of the predicted functions of some of these unclassi-
fied genes is discussed in the next section. Functions of unknown genes
are also predicted using RNA-seq yeast dataset. The steps for gene
function prediction for RNA-seq yeast dataset are same as those
mentioned above for CCAY dataset. Here, function of 13 genes are pre-
dicted from 7 clusters with p-value less than 107> and is reported in
Table 4. More information regarding Table 4 are available at http://
www.isical.ac.in/~shubhra/GABD/unclassifiedpredictionRNAseq5.xls.

Table 2

Execution time (sec) for different discretization methods for all the data sets.
Dataset/Discretization GABD EWD EFD row k- column k-
Method means means
CCAY 1230 51 59.40 127.95 260.20
DSAY 1220 46.81 4948 70 50
Yeast Complex 165.17 2 1.84 8.74 2.73
Cell Cycle 77.57 1.07 0.89 5.85 2.09
Bacillus 23557  3.96 4.98 12.04 7.09
RNA-seq yeast 1210 51.06 49.78 66.17 47.73
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Table 3
Function predictions of top 23 unclassified genes at P-Value less than 10~ using MIPS
annotations and CCAY dataset.

Cluster Unclassified Functional p-value No of No. of
no. Gene Category Genes Genes
Within Within
Cluster the
Genome
1 YLR152C assimilation of 6.8493e- 7 46
ammonia, 13
metabolism of the
glutamate group
2 YDR493W mitochondrion 1.5533e- 15 154
YDR357C 16
YGL107C
3 YORO007C protein folding 2.3633e- 10 91
YKRO018C and stabilization 12
YOR258W
YDL091C
4 YKRO74W electron transport 5.7419e- 7 48
YBR262C and membrane- 11
YLR257W associated energy
conservation
5 YLRO63W rRNA processing 8.3737e- 16 167
YPLO30W 16
YJLO58C
6 YMR181C electron transport 3.4286e- 11 48
YCLX09W and membrane- 16
YHR198C associated energy
conservation
7 YPR202W DNA topology 1.9537e- 10 52
YPR203W 16
8 YER0561C ribosomal proteins  1.3977e- 11 221
13
9 YIL136W proteasomal 3.7801e- 11 126
degradation 11
(ubiquitin/
proteasomal
pathway)
10 YFR044C glycolysis and 9.1024e- 10 58
YERO04W gluconeogenesis 16
Table 4

Function predictions of top 13 unclassified genes at P-Value less than 10~° using MIPS
annotations and RNA-Seq yeast dataset.

Cluster Unclassified Functional p-value No of No. of Genes
no. Gene Category Genes Within the
Within Genome
Cluster
1 YLR126C ribosomal 1.4029e- 8 221
YORO51C proteins 08
2 YDR361C protein 7.6224e- 8 453
synthesis 09
3 YLR287C nucleic acid 4.3763e- 9 324
YML108W binding 06
YJL027C
4 YNLO60C ribosome 4.8836e- 8 284
YCRX16C biogenesis 08
5 YLR196W rRNA 2.5216e- 6 167
YEL025C processing 06
6 YCRO56W RNA 1.0495e- 6 63
YLR042C modification 06
7 YBR184W ribosomal 3.1276e- 5 221
proteins 06

4. Cross validation

To evaluate the performance of GABD in a conventional way we used
5-fold cross validation where out of 5 folds 4 folds of the genes are
randomly selected to determine the discretization width using the pro-
posed GABD method and the remaining one fold of genes along with their
expressions and annotation profile is used for evaluation process. The
process is repeated 5 times and the results for one of those instances using
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Fig. 5. Comparing GABD with original expressions in terms of PPV versus similarity
value. The curves are shown for one of the instances in 5-fold cross validation using Yeast
Complex data set.

Yeast Complex data set is presented in Fig. 5. From the figure it is clear
that the performance of proposed discretization method (GABD) is better
as compared to that of original expressions. The curves for methods like
EWD, EFD, row k-means and column k-means discretization are very
close to those obtained using original expressions and hence not pre-
sented in the figure. Similar types of curves are also obtained for other
instances of 5 fold using the same data set. For CCAY, DSAY, Cell Cycle,
Bacillus and RNA-seq yeast data sets also the curves for GABD method are
better than those obtained using original expressions and available in
supplementary file at https://drive.google.com/open?id=0BxposWdlam
OUOTFVZDNiRTZhbWS.

5. Discussion

In this article, four microarray datasets of Saccharomyces cerevisiae,
namely, Cell Cycle All Yeast, Diauxic Shift All Yeast, Yeast Complex, Cell
Cycle, one microarray data set of Bacillus subtilis, namely, Bacillus and
one RNA-seq expression dataset of Saccharomyces cerevisiae called RNA-
seq yeast are used. The original expression values are discretized using
functional annotations of genes. As mentioned earlier, few research has
been done in discretizing gene expression data where unsupervised
techniques are used to construct gene regulatory networks [4,8]. On the
other hand, supervised discretization methods are used to improve
classification accuracy in predicting patients related to various diseases.
In this investigation we formulated a supervised discretization method in
another domain, i.e., finding highly similar gene pairs and thereby pre-
dicting gene functions. The existing discretization methods like equal
width discretization and equal frequency discretization cannot utilize the
biological knowledge (gene annotation) in finding highly similar gene
pairs. In contrast, the proposed supervised discretization method can
utilize the biological knowledge to find the width of discretization. The
width of discretization is determined by maximizing the PPVs of top
20,000 gene pairs obtained using Pearson correlation. This discretization
process increases the accuracy of gene pairs in terms of PPV which is
demonstrated by plotting PPVs of gene pairs at various similarity values
(see Fig. 3a-f) and PPVs of gene pairs for different number of top gene
pairs (see Fig. 4a—f). From the figures it is observed that discretization
using functional annotation performs better than related methods as in
all the cases the curves for GABD are above the other curves beyond 0.5
similarity value (Fig. 3a—f) and for top 1,00,000 gene pairs (Fig. 4a—f).

Now we will discuss about the predicted function of some of the
unclassified genes from Table 3. The gene YPR202W has shown
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functional enrichment in “DNA topology”. Our analysis reveals that the
putative protein of unknown function for YPR202W is similar to
telomere-encoded helicases [40]. As helicase proteins are related to
cellular processes like DNA replication and DNA repair. Hence, our
prediction for YPR202W as “DNA topology” is a likely one.

The functional category of YIL136W is predicted as “proteasomal
degradation (ubiquitin/proteasomal pathway)”. According to SGD this
gene is related to mitochondrial outer membrane protein. Further,
mitochondrial outer membrane proteins have been found to be ubig-
uitinated and degraded by the proteasome [25]. Hence, our prediction
for category “proteasomal degradation (ubiquitin/proteasomal
pathway)” for gene YIL136W may be a possible one.

The gene YGL107C, along with its cluster members shows functional
category as “mitochondrion”. Our literature study reveals that it is an
extrinsic membrane protein of the mitochondrial inner membrane [33]
and used for respiratory growth. It is also a dispensable component of the
mitochondrial ribosomal small subunit in Saccharomyces cerevisiae [48].
So our function prediction for YGL107C as “Mitochondrion” is a prom-
ising one.

6. Conclusions

A novel supervised discretization method, called GABD, is developed
where the width for discretization is estimated using the functional an-
notations of genes. Pearson correlation and k-medoids clustering are then
applied on CCAY data set to predict the function of 23 unclassified and
319 classified Saccharomyces cerevisiae genes from 10 clusters using a p-
value cutoff 10~1°, The performance of the proposed GABD is found to be
better than the existing discretization methods like EWD, EFD, dis-
cretization with k-means and discretization with column k-means in
terms of PPV vs. similarity using PC and PPV vs. top gene pair. Our results
indicate that GABD is capable of identifying the similarity between gene
expression profiles in a better manner in terms of functional annotations.
The GABD method requires functional annotations of genes and hence the
method is only suitable for discretizing gene expression of other species if
some genes are annotated for that species. In GABD, the supervised pro-
cedure is incorporated in terms of PPV by observing the functional sim-
ilarity of genes (in pairs) having similar expressions. Further, it is not
possible to discretize the same datasets using existing supervised tech-
niques as the individual expressions in time series have no label infor-
mation and cannot be considered as features. Hence, GABD is unique in
nature and its methodology provides the only way to dicretize functional
gene expressions (not disease vs. normal ones) in a supervised manner.

In our method the boundary zones for defining the discretization width
are crisp. It is worthwhile to see the performance of our method using
overlapping zones where uncertainty arising from overlaps can be
handled using fuzzy sets. In our method gene function is predicted using k-
medoids clustering algorithm in the final stage where a function of an
unclassified gene is predicted from the functional enrichment of the
cluster using MIPS annotations. Here a gene belongs to only one cluster. It
is also possible to use fuzzy clustering method [51] in function prediction
stage where a gene can belong to multiple clusters with fuzzy membership.
There also exists data modeling techniques [49,53,54] where expression
values are estimated from the existing value without using any biological
knowledge. It may be a new research direction where one can investigate if

a) data modeling techniques can be applied for better optimization of
the objective function (PPV), involving functional annotations, in the
proposed GABD and

b) the parameters for data fitting techniques can be optimized using
functional annotations of genes.

References

[1] Z. Bar-Joseph, D.K. Gifford, T.S. Jaakkola, Fast optimal leaf ordering for
hierarchical clustering, Bioinformatics 17 (suppl 1) (2001) S22-S29.


https://drive.google.com/open?id=0BxposWdIam0UOTFvZDNiRTZhbW8
https://drive.google.com/open?id=0BxposWdIam0UOTFvZDNiRTZhbW8
https://drive.google.com/open?id=0BxposWdIam0UOTFvZDNiRTZhbW8
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref1
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref1
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref1

S. Misra, S.S. Ray

[2]

[3]
[4]
[5]
[6]
[71

[8]

[91
[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]
[27]

[28]

[29]

P. Berka, I. Bruha, Discretization and grouping: preprocessing steps for data mining,
in: European Symposium on Principles of Data Mining and Knowledge Discovery,
vol. 1510, 1998, pp. 239-245.

T.H. Bg, B. Dysvik, 1. Jonassen, LSimpute: accurate estimation of missing values in
microarray data with least squares methods, Nucleic Acids Res. 32 (3) (2004) 1-8.
J. Catlett, On changing continuous attributes into ordered discrete attributes, in:
European Working Session on Machine Learning, vol. 482, 1991, pp. 164-178.
E.S. Dimitrova, J.J. McGee, R.C. Laubenbacher, Discretization of time series data,
J. Comput. Biol. 17 (6) (2010) 853-868.

C. Ding, H. Peng, Minimum redundancy feature selection from microarray gene
expression data, J. Bioinforma. Comput. Biol. 3 (02) (2005) 185-205.

Y. Dodge, Statistical Data Analysis Based on the L1-norm and Related Methods,
Springer, Birkhauser, Birkhuser, Basel, 2012.

J. Dougherty, R. Kohavi, M. Sahami, Supervised and unsupervised discretization of
continuous features, in: Proceedings of the Twelfth International Conference on
Machine Learning, vol. 12, 1995, pp. 194-202.

AK.C. Wong, D.K.Y. Chiu, Synthesizing statistical knowledge from incomplete
mixed-mode data, IEEE Trans. Pattern Anal. Mach. Intell. 9 (6) (1987) 796-805.
H. Liu, R. Setiono, Feature selection via discretization, IEEE Trans. Knowl. Data Eng.
9 (4) (1997) 642-645.

R. Sharan, A. Maron-Katz, R. Shamir, CLICK and EXPANDER: a system for clustering
and visualizing gene expression data, Bioinformatics 19 (14) (2003) 1787-1799.
M. Banerjee, S. Mitra, H. Banka, Evolutionary rough feature selection in gene
expression data, IEEE Trans. Syst. Man Cybern. Part C Appl. Rev. 37 (4) (2007)
622-632.

T.R. Golub, D.K. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J.P. Mesirov,

H. Coller, M.L. Loh, J.R. Downing, M.A. Caligiuri, Molecular classification of cancer:
class discovery and class prediction by gene expression monitoring, Science 286

(5439) (1999) 531-537.

U. Alon, N. Barkai, D.A. Notterman, K. Gish, S. Ybarra, D. Mack, A.J. Levine, Broad
patterns of gene expression revealed by clustering analysis of tumor and normal
colon tissues probed by oligonucleotide arrays, Proc. Natl. Acad. Sci. 96 (12) (1999)
6745-6750.

P. Tamayo, D. Slonim, J. Mesirov, O. Zhu, S. Kitareewan, E. Dmitrovsky,

E.S. Lander, T.R. Golub, Interpreting patterns of gene expression with self-
organizing maps: methods and application to hematopoietic differentiation, Proc.
Natl. Acad. Sci. 96 (6) (1999) 2907-2912.

J. Khan, J.S. Wei, M. Ringner, L.H. Saal, M. Ladanyi, F. Westermann, F. Bertholdk,
M. Schwab, C.R. Antonescu, C. Peterson, Classification and diagnostic prediction of
cancers using gene expression profiling and artificial neural networks, Nat. Med. 7

(6) (2001) 673-679.

1. Ponzoniand, F. Azuaje, J. Augusto, D. Glass, Inferring adaptive regulation
thresholds and association rules from gene expression data through combinatorial
optimization learning, IEEE/ACM Trans. Comput. Biol. Bioinforma. 4 (4) (2007)
624-634.

S.S. Dwight, M.A. Harris, K. Dolinski, C.A. Ball, G. Binkley, K.R. Christie, D.G. Fisk,
L. Issel-Tarver, M. Schroeder, G. Sherlock, A. Sethuraman, S. Weng, D. Botstein,
J.M. Cherry, Saccharomyces Genome Database (SGD) provides secondary gene
annotation using the Gene Ontology (GO), Nucleic Acids Res. 30 (1) (2002) 69-72.
R. Edgar, M. Domrachev, A.E. Lash, Gene expression omnibus: Ncbi gene expression
and hybridization array data repository, Nucleic Acids Res. 30 (1) (2002) 207-210.
M.B. Eisen, P.T. Spellman, P.O. Brown, D. Botstein, Cluster analysis and display of
genome-wide expression patterns, Proc. Natl. Acad. Sci. 95 (25) (1998)

14863-14868.

U.M. Fayyad, K.B. Irani, Multi-interval discretization of continuous- valued
attributes for classification learning, in: 13th International Joint Conference on
Uncertainly in Artificial Intelligence, vol. 1, 1993, pp. 1022-1029.

C.A. Gallo, R.L. Cecchini, J.A. Carballido, S. Micheletto, I. Ponzoni, Discretization of
gene expression data revised, Brief. Bioinforma. 17 (5) (2015) 758-770.

S. Garcia, J. Luengo, J.A. Saez, V. Lopez, F. Herrera, A survey of discretization
techniques: taxonomy and empirical analysis in supervised learning, IEEE Trans.
Knowl. Data Eng. 25 (4) (2013) 734-750.

D. M. Jr., F.M. Lopes, S.S. Ray, Inference of gene regulatory networks by
topological prior information and data integration, in: Emerging Research in the
Analysis and Modeling of Gene Regulatory Networks, Hershey, Pennsylvania, 2016,
pp. 1-51.

M. Karbowski, R.J. Youle, Regulating mitochondrial outer membrane proteins by
ubiquitination and proteasomal degradation, Curr. Opin. Cell Biol. 23 (4) (2011)

476-482.

L.A. Kurgan, K.J. Cios, CAIM discretization algorithm, IEEE Trans. Knowl. Data Eng.

16 (2) (2004) 145-153.

1. Lee, S.V. Date, A.T. Adai, E.M. Marcotte, A probabilistic functional network of
yeast genes, Science 306 (5701) (2004) 1555-1558.

J.L. Lustgarten, S. Visweswaran, V. Gopalakrishnan, G.F. Cooper, Application of an
efficient Bayesian discretization method to biomedical data, BMC Bioinforma. 12

(2011) 1-15.

J. MacQueen, Some methods for classification and analysis of multivariate
observations, in: Proceedings of the Fifth Berkeley Symposium on Mathematical
Statistics and Probability 1(14), 1967, pp. 281-297.

67

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]
[52]

[53]

[54]

[55]

Computers in Biology and Medicine 90 (2017) 59-67

S.C. Madeira, A.L. Oliveira, An Evaluation of Discretization Methods for Non-
supervised Analysis of Time-series Gene Expression Data, vol. 42, Instituto de
Engenharia de Sistemas e Computadores Investigacao e Desenvolvimento, 2005,
pp. 1-14. Technical Report.

E.M. Marcotte, M. Pellegrini, H.L. Ng, D.W. Rice, T.O. Yeates, D. Eisenberg,
Detecting protein function and protein-protein interactions from genome
sequences, Science 285 (5428) (1999) 751-753.

H.-W. Mewes, C. Amid, R. Arnold, D. Frishman, U. Giildener, G. Mannhaupt,

M. Miinsterkotter, P. Pagel, N. Strack, V. Stiimpflen, J. Warfsmann, A. Ruepp, MIPS:
analysis and annotation of proteins from whole genomes, Nucleic Acids Res. 32
(suppl 1) (2004) D41-D44.

C. Nouet, M. Bourens, O. Hlavacek, S. Marsy, C. Lemaire, G. Dujardin, Rmd9p
controls the processing/stability of mitochondrial mRNAs and its overexpression
compensates for a partial deficiency of oxalp in Saccharomyces cerevisiae, Genetics
175 (3) (2007) 1105-1115.

R.G. Pensa, C. Leschi, J. Besson, J.-F. Boulicaut, Assessment of discretization
techniques for relevant pattern discovery from gene expression data, in: 4th
Workshop on Data Mining in Bioinformatics, vol. 4, 2004, pp. 24-30.

S.S. Ray, S. Misra, A supervised weighted similarity measure for gene expressions
using biological knowledge, Gene 595 (2) (2016) 150-160.

S.S. Ray, S. Bandyopadhyay, S.K. Pal, Combining multisource information through
functional-annotation-based weighting: gene function prediction in yeast, IEEE
Trans. Biomed. Eng. 56 (2) (2009) 229-236.

S.S. Ray, S. Bandyopadhyay, S.K. Pal, A weighted power framework for integrating
multisource information: gene function prediction in yeast, IEEE Trans. Biomed.
Eng. 59 (4) (2012) 1162-1168.

T. Schlitt, A. Brazma, Current approaches to gene regulatory network modelling,
BMC Bioinforma. 8 (6) (2007) 1-22.

G. Sherlock, T. Hernandez-Boussard, A. Kasarskis, G. Binkley, J.C. Matese,

S.S. Dwight, M. Kaloper, S. Weng, H. Jin, C.A. Ball, M.B. Eisen, P.T. Spellman,
P.O. Brown, D. Botstein, J.M. Cherry, The stanford microarray database, Nucleic
Acids Res. 29 (1) (2001) 152-155.

A. Shiratori, T. Shibata, M. Arisawa, F. Hanaoka, Y. Marakami, T. Eki, Systematic
identification, classification, and characterization of the open reading frames which
encode novel helicase-related proteins in Saccharomyces cerevisiae by gene
disruption and Northern analysis, Yeast 15 (3) (1999) 219-253.

1. Shmulevich, J.D. Aitchison, Deterministic and stochastic models of genetic
regulatory networks, Methods Enzym. 467 (2009) 335-356.

L. Song, P. Langfelder, S. Horvath, Comparison of co-expression measures: mutual
information, correlation, and model based indices, BMC Bioinforma. 13 (1) (2012)
1-21.

P.T. Spellman, G. Sherlock, M.Q. Zhang, V.R. Iyer, K. Anders, M.B. Eisen,

P.O. Brown, D. Botstein, B. Futcher, Comprehensive identification of cell
cycle-regulated genes of the yeast Saccharomyces cerevisiae by microarray
hybridization, Mol. Biol. Cell 9 (12) (1998) 3273-3297.

V. Spirin, L.A. Mirny, Protein complexes and functional modules in molecular
networks, Proc. Natl. Acad. Sci. 100 (21) (2003) 12123-12128.

0.G. Troyanskaya, K. Dolinski, A.B. Owen, R.B. Altman, D. Botstein, A Bayesian
framework for combining heterogeneous data sources for gene function prediction
(in Saccharomyces cerevisiae), Proc. Natl. Acad. Sci. 100 (14) (2003) 8348-8353.
H.-Q. Wang, G.-J. Jing, C. Zheng, Biology-constrained gene expression
discretization for cancer classification, Neurocomputing 145 (2014) 30-36.

E. Weitschek, G. Felici, P. Bertolazzi, MALA: a microarray clustering and
classification software, in: Database and Expert Systems Applications (DEXA),
Vienna, Austria, 2012, pp. 201-205.

E.H. Williams, C.A. Butler, N. Bonnefoy, T.D. Fox, Translation initiation in
Saccharomyces cerevisiae mitochondria: functional interactions among
mitochondrial ribosomal protein rsm28p, initiation factor 2, methionyl-trna-
formyltransferase and novel protein rmd9p, Genetics 175 (3) (2007) 1117-1126.
A. Ozmen, G.-W. Weber, Z. Gavusolu, O. Defterli, The new robust conic GPLM
method with an application to finance: prediction of credit default and a process
version, J. Glob. Optim. 56 (2) (2013) 233-249.

Y. Li, L. Liu, X. Bai, H. Cai, W. Ji, D. Guo, Y. Zhu, Comparative study of
discretization methods of microarray data for inferring transcriptional regulatory
networks, BMC Bioinforma. 11 (1) (2010) 520-526.

J.C. Bezdek, R. Ehrlich, W. Full, Fem: the fuzzy c-means clustering algorithm,
Comput. Geosci. 10 (2-3) (1984) 191-203.

Y.H. Yang, S. Dudoit, P. Luu, T.P. Speed, Normalization for cdna microarry data,
Microarrays Opt. Technol. Inf. Proc. SPIE 4266 (2001) 141-152.

J. Gebert, M. Latsch, S.W. Pickl, N. Radde, G.-W. Weber, R.R. Wiinschiers, Genetic
networks and anticipation of gene expression patterns, in: AIP Conference
Proceedings, vol. 718, 2004, pp. 474-485.

J. Gebert, N. Radde, G.-W. Weber, Modeling gene regulatory networks with
piecewise linear differential equations, Eur. J. Oper. Res. 181 (3) (2007)
1148-1165.

R. Kerber, ChiMerge: discretization of numeric attributes, in: Proceedings of the
Tenth National Conference on Artificial Intelligence, 1992, pp. 123-128.


http://refhub.elsevier.com/S0010-4825(17)30308-6/sref2
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref2
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref2
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref2
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref3
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref3
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref3
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref4
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref4
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref4
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref5
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref5
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref5
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref6
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref6
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref6
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref7
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref7
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref7
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref8
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref8
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref8
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref8
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref9
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref9
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref9
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref10
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref10
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref10
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref11
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref11
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref11
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref12
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref12
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref12
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref12
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref13
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref13
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref13
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref13
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref13
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref14
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref14
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref14
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref14
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref14
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref15
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref15
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref15
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref15
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref15
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref16
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref16
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref16
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref16
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref16
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref17
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref17
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref17
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref17
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref17
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref18
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref18
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref18
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref18
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref18
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref19
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref19
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref19
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref20
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref20
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref20
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref20
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref21
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref21
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref21
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref21
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref22
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref22
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref22
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref23
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref23
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref23
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref23
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref23
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref24
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref24
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref24
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref24
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref24
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref25
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref25
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref25
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref25
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref26
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref26
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref26
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref27
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref27
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref27
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref28
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref28
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref28
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref28
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref29
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref29
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref29
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref29
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref30
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref30
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref30
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref30
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref30
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref31
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref31
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref31
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref31
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref32
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref33
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref33
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref33
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref33
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref33
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref34
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref34
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref34
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref34
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref35
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref35
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref35
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref36
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref36
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref36
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref36
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref37
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref37
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref37
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref37
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref38
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref38
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref38
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref39
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref39
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref39
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref39
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref39
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref40
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref40
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref40
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref40
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref40
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref41
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref41
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref41
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref42
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref42
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref42
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref42
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref43
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref44
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref44
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref44
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref45
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref45
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref45
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref45
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref46
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref46
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref46
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref47
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref47
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref47
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref47
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref48
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref48
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref48
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref48
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref48
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref49
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref49
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref49
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref49
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref49
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref50
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref50
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref50
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref50
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref51
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref51
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref51
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref51
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref52
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref52
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref52
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref53
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref53
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref53
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref53
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref53
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref54
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref54
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref54
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref54
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref55
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref55
http://refhub.elsevier.com/S0010-4825(17)30308-6/sref55

	Finding optimum width of discretization for gene expressions using functional annotations
	1. Introduction
	2. Materials and methods
	2.1. Description of data sets
	2.2. New discretization method

	3. Results
	3.1. PPV vs Pearson correlation for different data sources
	3.2. PPV of top gene pair
	3.3. Execution time
	3.4. Function prediction of unclassified gene based on clustering results

	4. Cross validation
	5. Discussion
	6. Conclusions
	References


